Objective: The purpose of this study was to evaluate grouping schemes for exposure to total dust in cement industry workers using non-repeated measurement data. Methods: In total, 2370 total dust measurements taken from nine Portland cement factories in 1995-2009 were analyzed. Various grouping schemes were generated based on work process, job, factory, or average exposure. To characterize variance components of each grouping scheme, we developed mixed-effects models with a B-spline time trend incorporated as fixed effects and a grouping variable incorporated as a random effect. Using the estimated variance components, elasticity was calculated. To compare the prediction performances of different grouping schemes, 10-fold cross-validation tests were conducted, and root mean squared errors and pooled correlation coefficients were calculated for each grouping scheme. Results: The five exposure groups created a posteriori by ranking job and factory combinations according to average dust exposure showed the best prediction performance and highest elasticity among various grouping schemes. Conclusion: Our findings suggest a grouping method based on ranking of job, and factory combinations would be the optimal choice in this population. Our grouping method may aid exposure assessment efforts in similar occupational settings, minimizing the misclassification of exposures.
studies examining cancer risk in cement industry workers suggest potential associations between cement dust exposure and lung (Smailyte et al., 2004) , stomach (McDowall, 1984; Koh et al., 2011; Koh et al., 2013) , and colon cancers ( Jakobsson et al., 1990; Jakobsson et al., 1993) . However, the associations are still inconsistent (Cohen et al., 2014) . There would be several causes for these inconsistencies, such as a small number of cancer cases and different ethnicity; however, one of the important causes would be the lack of proper quantitative exposure estimates, which are critical to relate exposure to response (Davies et al., 2009; Stewart et al., 2010) . In our previous studies examining cancer risks in Korean cement workers, we found an increased stomach cancer risk (Koh et al., 2011; Koh et al., 2013) . In these studies, we classified job into five groups and estimated cancer risks for each job group, or calculated cumulative exposures for workers based on job group and factory. However, we did not examine what the best grouping schemes are due to the limited number of dust measurements.
The purpose of this study was to identify optimal grouping schemes for exposure to total dust in cement industry workers. To do so, we further collected dustmonitoring records from nine Portland cement-manufacturing factories, and developed a measurement database. The database did not include an identifier for workers; therefore, the data were treated as nonrepeated, independent measurements.
With repeated measurements, between-group, within-group, and within-worker variance components can be used to calculate elasticity (contrast) and precision to be used for estimating optimal grouping schemes (Houba et al., 1997; Nieuwenhuijsen, 1997; van Tongeren et al., 1999) . However, repeated measurements may not be available to all researchers, especially those engaged in retrospective studies. In the present study, we describe our efforts to identify an optimal grouping scheme, using non-repeated dust measurement data from the cement industry.
M ATER I A L S A ND M ETHODS
Development of the dust exposure database There are nine major factories that manufacture Portland cement in Korea. These factories undergo work environment monitoring twice per year in compliance with occupational safety and health (OSH) regulations (Rhee and Choe, 2010 The environmental monitoring was performed by industrial hygienists from private consulting agencies. These agencies are obliged to participate in a quality control program, and to conform to a standard sampling and analytic method established by the OSH regulations (Paik et al., 1997) . In accordance with the regulatory standards, personal dust exposure measurements were collected for one out of every five full-shift workers (shift >6 h) classified into a similar exposure group (SEG). In situations where the number of workers was five or fewer, at least two samples were collected for the SEG. Selection of personnel who would wear personal samplers was based on maximum risk, and thus the workers believed to have the greatest exposure were sampled. A standard sampling and analytic method was employed throughout 1995-2009. Sampling and analytical method #0500 (particulate not otherwise regulated, total) of the National Institute for Occupational Safety and Health (NIOSH) was used to measure levels of dust generated in cement factories (NIOSH, 1994) . PVC filters (37-mm diameter, 5-μm pore size, cat no.: P/N 225-8-01, SKC Inc.) before and after dust sample collection were desiccated for 1 day and pre-weighed using a semi-micro electro-balance (Model ANALYTICAL, accuracy: 10−5 g) in a room with a controlled environment (temperature: 23.5 ± 3°C, relative humidity: 50 ± 15%). Airborne dust was collected on PVC filters by drawing a volume of air with a flow rate of around 2 l min −1 . At least one PVC blank filter per 10 field samples were handled to adjust dust contaminated other than inhalation exposure sampling. Dust level (mg m −3 ) was calculated based on the dust among adjusted for blank (μg) and the total air volume taken (m 3 ). Lower than 0.02 mg per sample was found to be treated as the limit of detection (LOD), which was based on the sensitivity from electro balance. LOD was found to be calculated based on three times standard deviation of field blank filters weighed by microbalance. Unfortunately, information on the sampling strategy to collect greater airborne dust amount than LOD (0.02 mg) was not available. We assumed that dust measurement taken by several private consulting agencies represented dust exposure of workers in cement factories.
Characteristics of the measurement database
The database was unbalanced across time, job, and factory. For instance, 443 measurements were available for cement mill jobs from nine factories from 1995 to 2009, whereas only 29 measurements were available for a laboratory job from one factory from 2003 to 2009. In total, there were 66 job-factory combinations with at least one measurement, although the number of all possible combinations was 99 (11 jobs × 9 factories). Measurements for the most highly exposed jobs (cement mill and raw mill jobs, and loading) from one factory dominated during the 1990s (Fig. 1 ).
Summary statistics, median measurement year, and measurement span were calculated for each year, job, and factory.
Manufacturing processes and proposed grouping schemes The manufacturing processes for Portland cement were generally identical in all nine factories, except for minor differences such as size of crusher. The manufacturing process starts at limestone quarries located near the factories. Limestone is crushed and transferred to a raw mill (dry process), where it is mixed with additive materials and ground into a powder. The powder is transferred to a pre-heater, and then baked in a kiln and cooled in a cooler, forming clinkers. The clinkers are transferred to a cement mill, mixed with gypsum, and then ground into a powder again. The cement powder is then packed and/or loaded onto trains, ships, or trucks to be distributed. Industrial hygienists (S.H.J., H.W.R.) categorized dust-exposed jobs a priori into 11 job groups based on the work site, department, and manufacturing process: quarry, crusher, raw mill, preheater, kiln, cooler, cement mill, packing, loading, maintenance, and laboratory jobs. In addition, various grouping schemes were further generated a posteriori.
• Grouping 1. Three work areas: quarry, production, and other jobs, based on work process • Grouping 2. Seven work areas: quarry, raw mill, pre-heater/kiln/cooler, cement mill, packing/loading, maintenance, and laboratory jobs, based on work process • Grouping 6. Characterization of variance components To characterize variance components, we developed mixed-effects models, which handle unbalanced data efficiently by estimating both fixed effects and variance components (Peretz et al., 2002) . Dust exposure levels were natural log-transformed [Ln(Y)] in order to approximate a normal distribution. We modeled fixed-effect time trends of dust exposure levels as a B-spline with 2 knots and 3 degrees, because B-spline was better fitted than a linear time trend. We incorporated each grouping variable as a random effect to characterize variance components according to the various grouping schemes shown in Equation (1).
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Y Group )] for the j th worker in the i th group. We assumed that Group i and ε ij were independent of one another. Parameters of fixed effects and variance components were calculated using the restricted maximum likelihood (REML) method (Onyango, 2009 ). Kenward-Roger correction was employed to obtain degrees of freedom (Littell et al., 2006) . Mixed-effects models were developed using SAS 9.2 (SAS Institute Inc., Cary, NC).
We (Kromhout et al., 1993; Houba et al., 1997; Jeebhay et al., 2005) . If all groups are distinct, the elasticity will be 1; by contrast, if all groups are similar, the elasticity will be 0.
Validation of the grouping schemes
To evaluate the prediction performances of each grouping scheme, 10-fold cross-validation was employed. To estimate predicted exposure, a fixedeffects model in which a time trend and a grouping variable were treated as fixed effects was generated Equation (2). 
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In k-fold cross-validation, the dataset was randomly divided into k subsets of equal size. One of the k subsets was used for the validation set, while the remaining k-1 subsets were used for a training set. This process was repeated k times, then root mean squared error (RMSE) (the smaller the better) was calculated as a measure of model performance across all k trials. Typically, 10-fold cross-validation was used (Arlot and Celisse, 2010) . In addition, pooled correlation coefficients for each grouping scheme were calculated across 10 validation sets. Fisher's Z transformation was used to estimate the pooled correlation coefficient, as the distribution of a sample correlation coefficient is known to be skewed (SAS, 2008) . (Table 1) . Arithmetic mean exposure levels varied 1-to 3-fold between jobs and between factories. The median measurement year was 2005, and measurement time for each job and factory spanned 5-15 and 5-12 years, respectively (Table 1) . Variance components, elasticity, RMSE, and pooled correlation coefficient for each grouping scheme are presented in Table 2 . Exposure groups (Grouping 6) showed the highest elasticity among the various grouping schemes. Regarding10-fold crossvalidation, exposure groups also showed the smallest RMSE and the highest correlation coefficient among the various grouping schemes.
R E SULTS

DISCUSS ION
In the present study, we have evaluated grouping schemes using a historical dust measurement database N, number of measurements; SD, standard deviation. Table 1 .
Continued from the cement industry. We treated the data as nonrepeated, independent measurements, because the database did not include an identifier for workers. Our findings show that grouping schemes using both job and factory would result in better groupings than those using only job. Notably, exposure groups (Grouping 6), in which job-factory combinations are ranked according to average dust exposure, showed the highest elasticity and the best prediction performance. Our findings are generally consistent with previous studies using repeated measurement data. In an exposure assessment in the rubber industry (Kromhout and Heederik, 1995) , combinations of occupational title group and plant showed the highest elasticity, and in a flour dust exposure assessment (Houba et al., 1997) , combinations of job and type of bakery showed the highest elasticity. In another study about the rubber industry (Vermeulen and Kromhout, 2005) , combinations of plant and exposure (low, middle, and high) showed higher elasticity than combinations of plant and department. In another study about flour dust exposure, exposure category by ranking all combinations of exposure group and site according to the mean exposure showed the highest elasticity and was the grouping scheme that was best associated with respiratory symptoms (Nieuwenhuijsen, 1997) . In the carbon black industry (van Tongeren et al., 1999) , exposure groups by ranking all combinations of factory and job category according to the mean exposure showed the highest elasticity, but lung function parameters were most closely associated with combinations of factory and job category. Thus, exposure groups (Grouping 6) seemed to be among the best grouping schemes. Combinations of job and factory (Grouping 5) seemed to be the second best grouping scheme, however, considering that job and company combinations consume many degrees of freedom and most occupational hygiene datasets have only a limited number of measurements, exposure groups (Grouping 6) would generally be the optimal grouping scheme. A study of the mining industry demonstrated that the use of highly specific exposure summarization approaches resulted in great regression coefficient attenuation (Werner and Attfield, 2000) .
Unlike aforementioned studies (Kromhout and Heederik, 1995; Houba et al., 1997; Nieuwenhuijsen, 1997; van Tongeren et al., 1999; Vermeulen and Kromhout, 2005 ) that used repeated measurement Table 2 . Variance components, elasticity, RMSE, and correlation by grouping scheme. ).
data and calculated between-group, within-group, and within-worker variance components, we used only non-repeated, independent measurements and, thus, we could use only between-group and within-group variance components. However, our findings suggest that our grouping approach using only between-group and within-group variance components yields robust results. Although in our study exposure groups seemed to be the optimal grouping scheme, showing the smallest elasticity, the results should be validated. The validity of various grouping schemes can be examined in relation to health outcomes. However, we were unable to perform such an analysis; instead, we examined the prediction performance of each grouping scheme using a cross-validation technique. The results were generally consistent with those for elasticity, which support the conclusion that exposure groups is optimal in this population.
The mixed-effects model employed in our study is useful for handling unbalanced data (Baayen et al., 2008) , using strength from the distribution of all data to derive each subgroup's estimate (Rappaport et al., 1999; Symanski et al., 2001; Peretz et al., 2002) . Our approach is the first application of a mixed-effects model to identify the optimal grouping scheme in the cement industry.
Our study had several limitations. First, the variance of a grouping variable (exposure groups) was not substantial compared to within-group variance or residual error which accounted for 76% of total variance [1.153/ (0.365+1.153)*100 from Table 2 ]. The low explanatory power might be due to variability between different work environments in, for example, ventilation status or productivity (Mwaiselage et al., 2005) . Thus, our prediction model did not capture all of the important sources of variability. More information regarding exposure determinants is therefore needed to improve the estimation of exposures. Second, the workers who wore personal samplers were those considered to have the greatest exposure in each SEG. This sampling strategy can lead to invalid inferential testing as well as biased interpretation of data (Rappaport, 1991) . However, in the current study, we could not examine the effects of worst-case sampling strategy on the grouping results. Third, the measurement database did not include information about personal protective equipment (PPE) use. The lack of information about PPE use can lead to misclassification of exposure, thus bias the exposure-response relationship in epidemiological analysis. Fourth, measurements were treated as independent and non-repeats, because of the absence of an identifier of workers. However, actually, repeated measurements would exist to some extent in the database. We repeated same analyses using measurements from four factories (1, 3, 8, and 9), excluding major companies which would provide many of the repeated measurements. However, no change in grouping result was observed (data not shown). Fifth, the database was unbalanced, and measurements from one factory dominated during the 1990s. We repeated same analyses using measurements between 2003-2008 periods in which most factories provided dust monitoring records. However, no change in grouping results was observed (data not shown).
In conclusion, we evaluated grouping schemes for exposure to total dust in cement industry workers using non-repeated measurement data. Our findings suggest that a grouping scheme based on ranking of job and factory combinations is the optimal choice in this population. Our grouping schemes may aid exposure assessment efforts in similar occupational settings, minimizing the misclassification of exposures.
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